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Abstract
The eddy covariance method estimates the energy flux of latent heat for evapotran-
spiration. However, imbalance between the land surface energy output and input is a
well-known fact. Energy balance closure is most commonly not achieved, and there-
fore the eddy covariance method potentially underestimates actual evapotranspiration.
Notwithstanding, the method is one of the most established measurement techniques
for estimating evapotranspiration. Here, evapotranspiration from eddy covariance
(ETEC) is cross-checked with evapotranspiration calculated as the residual of the
water balance (ETwb). The water balance closure using ETEC is simultaneously vali-
dated. Over a 6-yr period, all major terms of the water balance are measured including
precipitation, recharge from percolation lysimeters, and soil moisture content from a
cosmic-ray neutron sensor, a capacitance sensor network, and time domain reflectom-
etry (TDR), respectively. In addition, we estimate their respective uncertainties. The
study demonstrates that both monthly and yearly ETEC and ETwb compare well and
that the water balance is closed when ETEC is used. Concurrently, incoming available
energy (net radiation minus ground heat flux) on average exceeds the turbulent energy
fluxes (latent heat flux and sensible heat flux) by 31%, exposing the energy–surface
imbalance. Consequently, the imbalance in the energy balance using the eddy
covariance method must, to a lesser degree, be caused by errors in the latent heat
estimates but can mainly be attributed to errors in the other energy flux components.
1 INTRODUCTION
The eddy covariance (EC) method is one of the most estab-
lished measurement techniques for estimating evapotranspi-
Abbreviations: agl, above ground level; BAPD, best available precipitation
dataset; bgl, below ground level; CRNS, cosmic-ray neutron sensor; DFIR,
Double Fence International Reference; EC, eddy covariance; ET,
evapotranspiration; ETEC, evapotranspiration from the eddy covariance
method; ETwb, evapotranspiration from the water balance method; LE,
latent heat flux; SWC, soil water content; TDR, time domain reflectometry.
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ration (ET) (Aubinet et al., 2012). The EC method estimates
latent heat of evapotranspiration (LE) based on the covari-
ance between vertical wind velocity and specific humidity.
The quality of the estimated LE flux can be evaluated from
the energy flux balance equation at the land surface:
𝑅n = LE +𝐻 + 𝐺 (1)
Here, Rn is net radiation, H is sensible heat flux, and G is
ground heat flux. All terms are in watts per square meter. The
term on the left hand side of Equation 1 is the energy input to
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the land surface. All terms can be both positive and negative,
and thereby switch the direction of the energy flux.
It is a well-documented fact that the land surface energy
balance equation is rarely closed using energy fluxes esti-
mated by the EC method (Foken et al., 2011; Leuning, van
Gorsel, Massman, & Isaac, 2012; Oncley et al., 2007; Wil-
son et al., 2002). In most cases, the available energy repre-
sented by the difference between incoming Rn and outgoing
G is larger than the sum of the outgoing turbulent fluxes of
H and LE (Foken, 2008). The relative energy balance closure
ratio (EBCratio) represents the imbalance of the in- and outgo-
ing energy fluxes and is computed as
EBCratio =
LE +𝐻
𝑅n − 𝐺
(2)
Depending on the type of surface, ranging from forest to
bare soil, an EBCratio between 70 and 90% is often reported
(Foken, Wimmer, Mauder, Thomas, & Liebethal, 2006; Stoy
et al., 2013; Wilson et al., 2002). Estimation of Rn and G
are often considered not to be the cause of surface energy
imbalance (Foken et al., 2011). Instead, an underestimation
of the turbulent fluxes appears more likely and, as a con-
sequence, the EC method may underestimate the actual ET
(Twine et al., 2000). The imbalance of energy output and
input to the land surface cannot be explained only by mea-
surement errors (Foken, 2008; Mauder et al., 2006). There-
fore, our understanding of the physics of the systems must
be incomplete (Culf, Foken, & Gash, 2004). Several authors
state that undetected vertical transport of LE and H, at large
spatial and temporal scale, may explain the energy balance
problem (Foken et al., 2006, 2011; Stoy et al., 2013). Large-
scale eddies are related to landscape heterogeneity.
It is important to evaluate the potentially incorrect mea-
surement of ET by use of the EC method (ETEC). The water
balance method enables validation of ETEC. Comparing ETEC
with ET estimated from the water balance method (ETwb),
allows insights into the performance of the EC method. The
water balance method estimates ETwb directly from the mass
balance of water and applies to a given soil volume over a
specific period of time
ETwb = 𝑃 + 𝐼 −𝑅 − ΔSWC (3)
Here, P is precipitation, I is irrigation, R is recharge, and
ΔSWC is the change in soil water content over a specific
period. The ΔSWC is negative when water is removed from
the system and positive if the system gains water. Calculations
are normalized such that all variables are taken as millimeters
of water over a given time period.
Previous studies have compared alternative methods for
estimating ET with the EC method. The studies are contra-
dictory, and the conclusions depend on the estimation method
used. The different methods for estimating ETwb are, for
Core Ideas
• Latent heat flux and evapotranspiration (ET) is one
and the same.
• It appears in both the water and the energy balance
equation.
• The ET from eddy covariance (ETEC) is compared
with ET from the water balance (ETwb).
• This study demonstrated no significant difference
between ETEC and ETwb.
• The eddy covariance estimated latent heat flux is
not the cause of energy imbalance.
example, weighing and nonweighing lysimeters, soil moisture
probes, and water balance modeling. Studies using weigh-
able lysimeters as reference often find ETEC to be smaller
than ETwb, thus concluding that the EC method underesti-
mates LE (Alfieri et al., 2012; Chávez, Howell, & Copeland,
2009; Ding et al., 2010; Gebler et al., 2015; Mauder et al.,
2018; Wohlfahrt et al., 2010). Despite an incomplete energy
balance, studies using different kind of soil sensors (Schelde
et al., 2011; Vásquez et al., 2015), soil sampling campaigns
(Imukova, Ingwersen, Hevart, & Streck, 2016), and studies
using water balance modeling (Scott, 2010), generally obtain
good agreement between ETEC and ETwb. In such cases, LE
is not the major cause of the energy balance gap, and, if so,
bias in the other energy fluxes or unconsidered energy storage
terms cause the energy balance closure problem.
This study is based on long-term data collection carried out
within the framework of the Danish Hydrological Observa-
tory, HOBE (Jensen & Refsgaard, 2018). As part of this pro-
gram, an agricultural field observatory was established. For
evaluating the water and energy balances over several years,
the observatorymeasured all relevant water and energy fluxes.
The two independent measurement techniques for estimating
ET, the EC method and the water balance method, are eval-
uated and compared. Concurrently the uncertainties of the
individual water balance components are estimated, thereby
giving an uncertainty estimate for ETwb. The use of multiple
measurement devices, especially for measurement of precipi-
tation, enables this uncertainty estimation.
Until now, only a few published studies have compared
long-term measurements of ET using the EC method with
other methods for estimating ET. Moreover, the previous
long-term studies all assess ET from weighable lysimeters
(Gebler et al., 2015; Hirschi, Michel, Lehner, & Seneviratne,
2017), and thereby no other estimation methods have been
investigated on a long-term basis. Our hypothesis is that the
imbalance in the energy balance using the EC method is, to
a lesser degree, caused by errors in the LE estimates but can
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mainly be attributed to errors in the other energy flux compo-
nents or unaccounted effects. The findings can provide useful
quality control on the measurement of LE in micrometeoro-
logical flux studies.
A data-driven approach is adopted where aggregated daily
ETwb estimates from the water balance method are compared
with ETEC for a 6-yr period (2010–2015). In contrast with
previous studies using soil sensors for evaluating the water
balance, this study is based on long-term daily time series.
Most studies using soil sensors evaluate the water balance for
time periods from a few days to 6 mo (Ding et al., 2010;
Imukova et al., 2016; Schelde et al., 2011; Vásquez et al.,
2015). Hereby, they exclude the daily and seasonal fluctua-
tions in ET, which are highly relevant in land surface mod-
eling. Moreover, many previous studies do not evaluate ET
throughout periods with precipitation (Hirschi et al., 2017;
Ingwersen et al., 2011; Schelde et al., 2011; Wilson, Han-
son, Mulholland, Baldocchi, & Wullschleger, 2001). During
dry periods, measurements of temporal changes in SWC are
directly comparable with ET because precipitation, irrigation,
and recharge in Equation 3 can be neglected. This study con-
tains measurements of all major water balance terms, and
therefore ETwb is calculated as a residual term, both dur-
ing and in between precipitation events. When computing the
water balance, ETwb is estimated using a cosmic-ray neutron
sensor (CRNS) and capacitance soil moisture sensors, respec-
tively, for estimating soil moisture change (ΔSWC) in the root
zone. Below the root zone, ΔSWC is estimated using time
domain reflectometry (TDR).
2 MATERIALS AND METHODS
2.1 Study site
The study site is an agricultural field observatory
(56.0373 ◦N, 9.1608 ◦E; 62 m asl) located in the Skjern
River catchment in the western part of Denmark. The climate
is temperate, with yearly average temperature of 8.5 ◦C and
an undercatch-corrected annual precipitation of 983 mm
yr−1 in the period 2010–2015. Glacial processes formed
the landscape, resulting in a terrain that is practically flat
with loose glacial and meltwater deposits that dominate
the subsoil. The soil, classified as a Spodosol, consists of
coarse sand below a 0.25- to 0.5-m-thick organic topsoil.
The groundwater level is located well below the root zone
at a depth of approximately 5–6 m. There is an intensive
production of winter and spring barley (Hordeum vulgare L.)
at the site. The farmer applies 20–25 mm of irrigation several
times during the growing season from April to June.
The hydrological observatory has been operational since
2009 (Jensen & Refsgaard, 2018). Figure 1 provides an
overview of the field location and some of the installed mea-
surement devices. The instrumentation is placed inside a 16-m
× 80-m plot vegetated with short grass and weeds. The instru-
mentation plot is located within a 300-m × 400-m agricultural
field and is surrounded by fields with similar crop heights.
2.2 Measurement setup
Instrumentation, data issues, and analysis methods vary for
each flux and state variable in the energy and water balance
equations. As a result, they are described individually below.
Instrument locations can be found in Figure 1.
2.2.1 Latent and sensible heat
The EC measurement device estimates LE and H and
represents a footprint on the order of hundreds of meters.
The EC tower is equipped with a sonic anemometer (R3-50,
Gill Instruments) at 12 m above ground level (agl). From an
inlet close to the sonic anemometer, a tube moves air into
an open-path CO2/H2O gas analyzer (LI-7500, LI-COR).
All measurements are processed using EddyPro version
4.2.1 software (LI-COR) as described by Jensen, Herbst, and
Friborg (2017). The 30-min data of LE and H fluxes from
the gas analyzer are post-processed using the quality-control
criteria suggested by Foken et al. (2005). Rejected LE values
are replaced by gap-filled values by applying the Red-
dyProcWeb online tool (https://www.bgc-jena.mpg.de/bgi/
index.php/Services/REddyProcWebGapFilling; Reichstein
et al., 2005). Information on the measurement method and
post-processing of the EC data at the field site can be found
elsewhere (Herbst, Friborg, Ringgaard, & Soegaard, 2011;
Jensen et al., 2017; Schelde et al., 2011).
The gap-filled 30-min LE fluxes are added up to daily val-
ues and are converted to ETEC (mm d
−1) by
ETEC,daily =
1
ρw
48∑
𝑖 = 0
LE𝑖30 min
λ (𝑇 )
(4)
where ρw (kg m−3) is the density of water. The heat of vapor-
ization λ (MJ kg−1) is a function of the temperature T (◦C)
described by the equation given by Ding et al. (2010):
λ = (2.501 − 0.00236𝑇 ) (5)
Daily values are only calculated if all 48 30-min values are
available for the specific day. Likewise, 30-min fluxes of H
are also summed to daily values.
Evaluating the uncertainty for the LE data provides an indi-
cation of the accuracy of the estimate. As only one mea-
surement device is available, uncertainty cannot be assessed
directly. Instead, the random uncertainties related to sampling
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F IGURE 1 Experimental site. EC, eddy covariance;
CRNS, cosmic-ray neutron sensor; TDR, time domain
reflectometry
error and gap-filling of the measured 30 min LE data, in terms
of SD, were summed to yearly values following the method
described in Jensen et al. (2017):
SDLE =
√√√√𝑁−𝐺∑
𝑖=1
(
𝑢r,30min
)2 +
𝐺∑
𝑖=1
(
𝑢g,30min
)2
(6)
where SDLE is the uncertainty for annual values of LE,
ur,30 min and ug,30 min are the 30-min uncertainties related to
sampling errors and gap-filling, respectively, N is the total
number of 30-min flux averaging intervals in a year, and G is
number of gap-filled 30-min flux averaging intervals. Uncer-
tainties of daily andmonthly LE values are derived in a similar
manner.
2.2.2 Precipitation and irrigation
The experimental site is equipped with six precipitation
gauges:
1. An international reference pit gauge measures liquid
precipitation (Goodison, Louie, & Yang, 1998). The pit
gauge comprises a Pluvio2 automatic weighing precipi-
tation device (OTT Hach Environmental) placed within
a pit with the gauge orifice at the soil surface level. In
order to reduce rain splash, a metal grid covers the sur-
rounding pit. Wind correction is not necessary for the
pit gauge.
2. A Double Fence International Reference (DFIR)
(Goodison et al., 1998)measures solid precipitation dur-
ing the cold season (i.e., approximately from Novem-
ber to March). The DFIR comprises a Pluvio2 auto-
matic weighting precipitation gauge placed at the cen-
ter of the double fence with the gauge orifice at 3.0 m
agl. The solid precipitation data are corrected for under-
catch based on wind speed and precipitation intensity
(Allerup, Madsen, & Vejen, 1997). The details on how
to construct a DFIR can be found in Goodison et al.
(1998).
3–4. Two standard unshielded weighing precipitation
gauges, hereafter named Gauge Unshielded A and B.
Both gauges are Pluvio2 automatic weighing precipita-
tion devices with the gauge orifice at 1.5 m agl. The liq-
uid precipitation data are corrected for undercatch based
on wind speed and precipitation intensity (Allerup et al.,
1997).
5. A standard unshielded Rimco 7499 tipping bucket pre-
cipitation gauge. The gauge orifice is at 1.5 m agl, and
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TABLE 1 Data coverage of precipitation gauges (1-h data from 2010–2015), yearly precipitation, and normalized yearly precipitation
Gauge Data coverage
Yearly
precipitation
Normalized
yearly
precipitation
% mm
Best assemble precipitation dataset (BAPD) 100 983 –
Pit gauge 87 800 915
Double Fence International Reference (DFIR) (undercatch-corrected) 32 201 (635)
Gauge Unshielded A (undercatch-corrected) 95 888 930
Gauge Unshielded B (undercatch-corrected) 66 716 1,088
Tipping bucket (undercatch-corrected) 97 918 946
Gauge shielded 94 870 929
the measurements are corrected for undercatch similar
to Gauges 3 and 4.
6. A shielded Pluvio2 automatic weighing precipitation
gauge with the gauge orifice at 1.5 m agl. The measure-
ments from this gauge are not corrected for undercatch.
The precipitation time series used in this study are on
hourly basis. Outliers outside the interquartile ranges of 1.5
are replaced with the mean of the remaining precipitation
gauges at the specific time step. The hourly precipitation
datasets are then aggregated to daily values, resulting in a 66–
97% data coverage (Table 1). Daily values are only calculated
if all 24 1-h values are available for the specific day. As men-
tioned above, the DFIR is only operational during wintertime
and therefore has a relatively low data coverage of 32%.
A precipitation time series is constructed, termed the “best
assembled precipitation dataset” (BAPD). This time series
is developed based on expert judgement by combining data
from the available precipitation gauges at the site consider-
ing which gauge that gives the most reliable estimate at a
given point in time given the available data, experience, and
the weather conditions. Table 2 lists the overall guideline on
how to prioritize the individual precipitation gauges. In the
construction of BAPD, the pit gauge data comprise 74% of
the hourly values, whereas 12% of the values are from Gauge
Unshielded A, and 11% are from DFIR.
The precipitation gauges only partly capture irrigation
applied to the surrounding field. On irrigation days as
obtained from the farmers field management report, precip-
itation is set to 0, and the registered irrigation is assumed to
be the input to the system. However, if the measured precipita-
tion exceeds the recorded irrigation amount, then the surplus
is maintained in the precipitation record.
Precipitation events were for the most occasions detectable
in all gauges, but the magnitude of the events were different
among gauges, leading to uncertainty for the daily precipi-
tation amount. The uncertainty for the BAPD dataset is esti-
mated using the SD of the daily time series from the six pre-
cipitation gauges excluding days with irrigation:
SD𝑃 =
√√√√ 1
𝑁 − 1
𝑁∑
𝑖=1
(
𝑃𝑖 − 𝑃
)2
(7)
were N is the number of precipitation gauges (N = 6).
2.2.3 Recharge
Recharge is estimated using nonweighable percolation
lysimeters. The lysimeter facility consists of four buried con-
tainers with open tops besides a collection well (Figure 1).
The surface area of each lysimeter is 3.2 × 3.88 m. In order to
allow for normal field management across the entire field, the
depth of the upper face of the lysimeters is at 0.6 m below
ground level (bgl). The impermeable lower face slopes to
facilitate collection of recharge water by a perforated tube and
to prevent buildup of local water tables at the bottom of the
lysimeters. As a result, the lysimeter depth varies from 1.7 to
2.1 m bgl. The lysimeters were backfilled, maintaining the
order of the excavated soil horizons, and are therefore rep-
resentative of the surrounding area in terms of soil condi-
tions, vegetation, and management. Tipping buckets measure
recharge from the individual lysimeters by counting the num-
ber of tips every 15 min. This results in four independent
recharge time series. Further technical specification on the
lysimeter facility at the field site can be found in Vásquez et al.
(2015).
The 15-min values of recharge are aggregated to daily val-
ues, and the four time series are subsequently averaged. If time
steps are missing in all four time series, the data gaps in the
mean daily time series are filled using linear interpolation.
Data gaps account for <0.5% of the daily values, and a maxi-
mum of 14 consecutive days. Finally, the uncertainties related
to the daily mean values are calculated as the SD of the four
time series using
SD𝑅 =
√√√√ 1
𝑁 − 1
𝑁∑
𝑖=1
(
𝑅𝑖 − ?̄?
)2
(8)
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TABLE 2 The best assembled precipitation dataset (BAPD) is constructed as indicated in this table
Priority Precipitation gauge Precipitation gauge used when
Percentage
in BAPD
%
1 Pit gauge (uncorrected) Precipitation falls as rain or sleet, and thus there is no snow
at the pit
74
2 DFIRa (undercatch-corrected) Precipitation falls as snow or just after snowing when snow
can melt into the pit
11
3 DFIR (uncorrected) If wind data are missing, DFIR cannot be corrected and
direct measurements are used
1
4 Gauge Unshielded A (undercatch-corrected) If above data are not available. If data from Pluvio2
Unshielded A are missing, data from Pluvio2 Unshielded
B are used instead.
12
5 Unshielded tipping bucket
(undercatch-corrected)
If above data are not available or could not be corrected ∼0
6 Gauge Unshielded A (uncorrected) If above data are not available ∼0
7 Unshielded tipping bucket (uncorrected) If above data are not available 2
aDFIR, Double Fence International Reference
were N is the number of lysimeters (N= 4). Calculation of SD
on recharge results in an individual estimate of the uncertainty
for each dailymeasurement. The four lysimeters are located so
close that the differences between the recharge estimates pri-
marily relate to measurement accuracy. The calculated uncer-
tainty, only to a small degree, relates to heterogeneities in
environmental conditions such as topography, soil texture, and
vegetation within the footprint of the EC tower.
2.2.4 Soil water content
Soil water content is a state variable of the water balance
equation, and ΔSWC, calculated as the difference in SWC
from day to day, represents the daily change in soil water con-
tent. The SWC in the root zone is estimated using various
techniques representing different scales and sensing depths:
(a) a single capacitance station, hereafter subscripted “point,”
installed within the instrumentation plot, (b) a capacitance
field sensor network, hereafter subscripted “network,” dis-
tributed within the surrounding agricultural fields, and (c) a
CRNS. In addition, TDR probes, located within the lysime-
ters, estimate SWC at deeper soil layers. The paragraphs
below elaborate the three SWC estimation methods. Figure 1
displays their locations.
2.2.5 Capacitance sensors
The capacitance sensors, 5TE from Decagon Devices (2014),
measure temperature, bulk dielectric permittivity, and bulk
electrical conductivity at 30-min intervals. The SWC is calcu-
lated from the measured apparent dielectric permittivity using
the relationship of Topp, Davis, and Annan (1980). Since the
dielectric permittivities of water and ice differ substantially,
we discard measurements obtained at soil temperatures below
1 ◦C.
The single capacitance station, placed within the instru-
mentation plot, collected data continuously throughout the
period of 2010–2015. The station has five capacitance sen-
sors: two at 0- to 5-cm depth, two at 20- to 25-cm depth, and
one at 50- to 55-cm depth. Soil water contents are averaged
to daily values on days where more than half of the data esti-
mates are reliable, skipping days with less reliable data esti-
mates. Daily changes in SWC for the point capacitance sta-
tion (ΔSWCpoint) are calculated for all five sensors, followed
by averaging for each sensing depth. The underlying assump-
tion using the single capacitance station time series is that the
day-to-day soil water changes within the instrumentation plot
(ΔSWCpoint) is comparable with ΔSWC in the surrounding
agricultural area despite the different land covers.
The capacitance network consists of six measurement sta-
tions, each having the same measuring configuration as the
single capacitance station. All capacitance stations in the
capacitance network are located within the footprints of both
the EC station and the CRNS sensor footprint (Figure 1).
Twice a year, the stations were removed and reinstalled due
to agricultural activities such as harvest, plowing, and sow-
ing. This result in data gaps in theΔSWCnetwork time series. A
single capacitance sensor at 20- to 25-cm depth showed sub-
stantially smaller variation in SWC than the remaining sensors
and has therefore been discarded. Furthermore, measurements
from two sensors at 50- to 55-cm depth were discarded in the
period of 28 June 2015–1 Aug. 2015, as the values were out-
side the expected range.
Below, the various approaches for estimation of uncer-
tainty in ΔSWCnetwork and ΔSWCpoint are described. The
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ΔSWCnetwork and the associated SD (SDΔSWC, network) are cal-
culated for each sensing depth individually. TheΔSWCnetwork
at each daily time step is given as the mean of ΔSWCnetwork
for all sensors at each sensing depth (12 sensors at 0- to 5-
cm depth, 11 sensors at 20- to 25-cm depth, and six sensors
50- to 55-cm depth), and the uncertainty is given as the SD of
ΔSWCnetwork among all sensors at the given time step:
SDΔSWC,network
=
√√√√ 1
𝑁 − 1
𝑁∑
𝑖=1
(
ΔSWCnetwork,𝑖 − ΔSWCnetwork
)2
(9)
where N is the number of sensors at each sensing depth. The
SDΔSWC,network thereby represents both the accuracy in the
measurements and the uncertainty related to the heterogeneity
in environmental conditions.
The capacitance point dataset comprises only one capaci-
tance station. To include spatial variability in the uncertainty
estimate, the uncertainty of ΔSWCpoint was calculated as the
mean of SDΔSWC, network of the entire dataset (2010–2015):
SDΔSWC,point = SDΔSWC,network (10)
Hence, the SD of each individual daily measurement of
ΔSWCpoint is thereby given as the mean of the SD of ΔSWC
for the capacitance network, as this was assumed the best
method to estimate uncertainty in ΔSWCpoint. If Equation
9 was applied to calculate the uncertainty in ΔSWCpoint,
the uncertainty would be based on only five sensors (two
sensors at 0- to 5-cm depth, two sensors at 20- to 25-cm
depth, and one sensor at 50- to 55-cm depth). This would
give an inadequate estimate of the SD, as only two sensors
are available at each of the sensing depths with no possibility
to calculate SD for the deepest sensor, as only one sensor
is available. Furthermore, only measurement accuracy and
not environmental heterogeneity would be included in the
uncertainty estimate.
In the calculation of the uncertainty inΔSWC for the water
balance calculations, the SDs are given inmillimeters of water
with (a) the capacitance sensor placed at 0–5 cm, representing
the top 15 cm of the soil column, (b) the capacitance sensor
located at 20–25 cm representing the 15- to 30-cm soil col-
umn, and (c) the capacitance sensor located at 50–55 cm rep-
resenting 30- to 60-cm soil column. The total uncertainty in
millimeter water within the 0- to 60-cm soil column is esti-
mated as the square root of the sum of variances of the three
zones:
SDΔSWC,0−60cm =
√√√√√SD
2
ΔSWC,0−15cm + SD
2
ΔSWC,15−30cm
+ SD2ΔSWC,30−60cm
(11)
2.2.6 Cosmic-ray neutron sensor
Daily estimates of SWC in the root zone was also estimated
using the CRNS method (Andreasen et al., 2017; Zreda,
Desilets, Ferré, & Scott, 2008). This method estimates SWC
in the upper decimeters of the soil in the surrounding hectome-
ters from the detector (Zreda et al., 2008). Accordingly, CRNS
provides estimates of SWC at a scale useful for studies of land
surface processes and at a scale on the same order as the foot-
print of EC. Water stored in the biomass is negligible com-
pared with the SWC and has not been considered. The method
takes advantage of the inverse relationship between measured
cosmic-ray neutron intensities in the epithermal energy range
and SWC. Andreasen et al. (unpublished data, 2020) carried
out site-specific calibration using multiple soil samples. The
CRNS station at the site has been operational since March
2013.
A standard approach to estimate the uncertainty of the
CRNS method relates to the measured neutron count rates
(Andreasen et al., 2017). This uncertainty only reflects
the uncertainty in obtaining correct neutron counts by the
detector. Here, we adopt anothermethod to estimate the uncer-
tainty.We identified a stable period of 14 dwith little variation
in the capacitance network SWC dataset (5–18 Oct. 2013).
We defined uncertainty in ΔSWCCRNS as the SD between
the 13 daily ΔSWCCRNS estimates during the stable period:
SDΔSWC,CRNS
=
√√√√ 1
𝑛 − 1
𝑁∑
𝑖=1
(
ΔSWCCRNS,𝑖 − ΔSWCCRNS
)2
(12)
where N is the number of ΔSWC measurements with CRNS
during the stable period (N = 13). We assign this uncertainty
to all daily time steps of the CRNS time series.
2.2.7 Time domain reflectometry
In order to evaluate daily SWC below the root zone, 1-m-long
custom-made TDR probes (Vásquez et al., 2015) installed
vertically in each lysimeter are used. There are four clusters
with nine TDR probes in each, for a total of 36 probes. The
average SWC for each cluster is used for the further analysis.
The top of the TDR probes are at the level of the upper face
of the lysimeters, thereby extending vertically from 0.6–1.6
m bgl. Further technical specification on the TDR probes at
the field site can be found in Vásquez et al. (2015).
We define the uncertainty in ΔSWCTDR as the SD of the
four clusters:
SDΔSWC,TDR =
√√√√ 1
𝑛 − 1
𝑁∑
𝑖=1
(
ΔSWCTDR,𝑖 − ΔSWCTDR
)2
(13)
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whereN is the number clusters of TDR (one in each lysimeter,
N = 4). Similar to the uncertainty estimate of the recharge,
the uncertainty in ΔSWCTDR mainly represents the mea-
surement accuracy of the TDR probes and, to a minor
degree, the variability caused by differences in environmental
settings.
2.2.8 Ancillary measurements
Meteorological instrumentation includes several anemome-
ters across the site for measuring wind speed and wind
direction. Furthermore, the flux mast is equipped with a
temperature and relative humidity sensor (HMP 45C, Vaisala
Oyj) and a four-component radiation sensor at 4 m agl (NR01,
Huxeflux Thermal Sensors). Soil heat flux (G) is determined
using two heat flux plates (HFP01, Hukseflux, Thermal Sen-
sors) placed at 0.05 m bgl. Because of agricultural manage-
ment, the heat flux plates were removed and reinstalled twice
a year. In the period of 2010–2015, 7% of the 30-minmeasure-
ments from the soil heat flux plates are missing. Throughout
the calculation of soil heat flux G, we have assumed that the
changes in heat storage above the plates are negligible. All
ancillary data are stored at 30-min intervals and are subse-
quently aggregated to daily values. Ringgaard et al. (2011)
provides details about the equipment and post-processing of
ancillary data.
2.3 Land surface energy balance and water
balance
The relative energy balance ratio (EBCratio) in Equation 2 is
a measure of the energy balance closure. In addition, we also
compute the absolute energy balance discrepancy (Denergy) to
provide a more exhaustive analysis of the energy balance clo-
sure:
𝐷energy = 𝑅n − 𝐺 − LE −𝐻 (14)
Likewise, the relative water balance closure ratio
(WBCratio) and the absolute water balance discrepancy
(Dwater) describe the water balance closure
WBCratio =
ETEC +𝑅 + ΔSWC
𝑃 + 𝐼
(15)
𝐷water = 𝑃 + 𝐼 − ETEC −𝑅 − ΔSWCpoint (16)
where I is irrigation. Note that ETEC represents the actual
ET in Equations 15 and 16. When evaluating the yearly
water balance, changes in soil water content (ΔSWC) are
neglected. However, when computing monthly water bal-
ances, ΔSWCpoint is used to account for monthly changes
of soil water storage. The SWCpoint dataset has only minor
data gaps.
2.4 Estimation of ETwb
Equation 3 describes the water balance equation for a given
soil volume. Equation 3 is only applied on days where all
three components (P, R, and either ΔSWCpoint,ΔSWCnetwork,
orΔSWCCRNS) are available. It is assumed that daily changes
in SWC in the deeper soil layers has a negligible effect on the
water balance. Therefore, ETwb is still calculated, even though
there is a data gap in the daily time series of ΔSWCTDR. The
same applies ifΔSWC from one of the three capacitance sens-
ing depths is missing.
Three separate water balance approaches are applied
depending on the method for estimating ΔSWC that rep-
resents different soil sensing volumes. The ΔSWCpoint and
ΔSWCnetwork representΔSWC for 0- to 60-cm depth, whereas
ΔSWCCRNS represents 0- to 20-cm depth. The ΔSWC for the
deeper soil layers represented by ΔSWCTDR depends on the
method for estimating SWC in the root zone. If capacitance
sensors are used for estimating ΔSWC in the root zone, then
SWCTDR represents 60- to 160-cm depth, but if CRNS is used
for estimating ΔSWC in the root zone, then SWCTDR repre-
sents 20- to 160-cm depth. The water balance equations read
accordingly
ETwb,point = 𝑃 + 𝐼 −𝑅 − ΔSWCpoint, 0−60cm
− ΔSWCTDR, 60−160cm (17)
ETwb,network = 𝑃 + 𝐼 −𝑅 − ΔSWCnetwork, 0−60cm
− ΔSWCTDR, 60−160cm (18)
ETwb,CRNS = 𝑃 + 𝐼 − 𝑅 − ΔSWCCRNS, 0−20 cm
− ΔSWC𝑇𝐷𝑅, 20−160 cm (19)
In Equations 17–19,ΔSWC in cubic meters per cubic meter
is converted to millimeters according to the specified repre-
sentative volume. Furthermore, ΔSWC below 160 cm is not
considered.
Comparing daily ETEC with daily ETwb allows insights
into the performance of the EC method. Twenty-four hours
is regarded as the smallest possible time step for compari-
son between the EC and the water balance approaches. Subse-
quently, daily ETwb and ETEC are aggregated to monthly and
yearly values.
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2.5 Autocorrelation and uncertainty
estimation
In order to allow for aggregation of daily variances of ETEC,
P, R, and ΔSWC to monthly and yearly values, an autocor-
relation analysis was performed. Uncertainty in daily ETEC,
P, R, andΔSWC was tested for autocorrelation by calculating
Pearson’s correlation coefficient with lag time of 1 d for the
whole time series of each variable. For all datasets, the auto-
correlation analysis is carried out on the daily time series of
variances.
When including autocorrelation in the aggregation of
uncertainties, correlated daily variances are aggregated to
monthly and yearly values as
SD2 =
𝑁∑
𝑖
SD2 + 2𝑟1
𝑁∏
𝑖
SD (20)
Here, r1 is Pearson’s autocorrelation coefficient with lag 1,
N is the number of time steps, and SD2 and SD are the vari-
ance and the SD, respectively, of the corresponding variables
ETEC, P, R, and ΔSWC. Only the term associated with auto-
correlation with a lag of 1 d is included in Equation 20. All
time series of variances reveal very low correlation for lag
time > 1 d (data not shown); therefore, we neglect contribu-
tions from autocorrelations for higher lag times .
Assuming that the components in the water balance, P, R,
and ΔSWC are statistically independent, the uncertainty in
ETwb is estimated as the sum of variances:
SD2ET,wb = SD
2
𝑃
+ SD2
𝑅
+ SD2ΔSWC (21)
The variance associated to ΔSWC is either the sum of the
variances of ΔSWCpoint and ΔSWCTDR, 60-160 cm, the sum of
the variances ofΔSWCnetwork andΔSWCTDR, 60-160 cm, or the
sum of the variances ofΔSWCCRNS andΔSWCTDR, 20-160 cm.
3 RESULTS
3.1 Evaluation of the water and energy
balance terms
Below, aggregated measurements for each of the water and
energy balance components are presented. Figure 2 displays
daily time series of all flux and state variables in the energy
and water balance equations. In order to sum daily vari-
ances of ETEC, P, R, and ΔSWC to monthly and yearly val-
ues, the autocorrelation is evaluated. The correlation coef-
ficient related to the variance of ΔSWCCRNS, variance of
P, and variance of ETEC is not significantly different from
0 (p value > .05, data not shown); thus, aggregation of
TABLE 3 Autocorrelation coefficient (Pearson’s r) and number
of daily values (n) for time series of variances (SD2) of
evapotranspiration from recharge (R) and daily change in soil water
content (ΔSWC) from capacitance network and time domain
reflectometry (TDR) with a lag of 1 d. The SD2recharge time series is
corrected for seasonality
SD2 Pearson’s r n
SD2recharge .384 2,168
SD2ΔSWC, network .445 700
SD2ΔSWC, TDR .200 1,970
those variances does not include correlation. Table 3 shows
the Pearson’s autocorrelation coefficients with lag of 1 d.
All correlation coefficients in Table 3 are significantly dif-
ferent from 0 (p value < .05). Therefore, the correlation
must be included in the summation of variances, as shown
in Equation 20. The SD of ΔSWCpoint is defined as the
mean of the SD of ΔSWCnetwork (Equation 10). Therefore,
Equation 20 applies the correlation coefficient related to
the variance of ΔSWCnetwork when calculating the variance
of ΔSWCpoint.
3.1.1 Evapotranspiration from eddy
covariance
Evapotranspiration shows a highly seasonal behavior with
very low values during the cold months (ET in Figure 2a
and LE at Figure 2b). The mean yearly ETEC is 453 ± 3 mm
(Table 4). The ETEC in 2015 is substantial higher than in other
years, probably because ongoing inspection and maintenance
of the EC instrument were lacking this year.
Gap filling of EC data (LE data) introduces uncertainty.
Missing data values of LE originate mainly from periods with
low turbulence during nighttime and from periods with rain
(Mauder et al., 2006; Ringgaard et al., 2011). Approximately
40% of the LE values are gap filled, which is in line with other
studies (Moffat et al., 2007). Although ET is minor during
rain events, where air humidity above the smooth surface
of the agricultural field is close to saturation, evaporation
of intercepted water immediately after rain events can be
substantial and entail underestimation of ET (Ringgaard
et al., 2011).
Estimates of ETEC and the associated uncertainty represent
integrated values within the footprint. According to Schelde
et al. (2011), 50% of the flux originates from a distance
of <250 m from the EC mast, and 80% of the flux originates
from a distance < 800 m. Jensen et al. (2017) substantiate that
the variations in footprint at the experimental site are only of
moderate importance for the uncertainty of ETEC.
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F IGURE 2 (a) Daily water balance components: evapotranspiration from eddy covariance (ETEC), precipitation (P), irrigation (I), recharge (R),
and soil water content (SWC), where the subscript “point” refers to a single capacitance station, subscript “network” refers to a capacitance field
sensor network, and subscript “CRNS” refers to a cosmic-ray neutron sensor. (b) Daily values for land surface energy balance components: net
radiation (Rn), latent heat flux (LE), sensible heat flux (H), and ground heat flux (G).
3.1.2 Precipitation and irrigation
On average, every second day is a rainy day and the average
rain amount on a rainy day is ∼5 mm. The normalized yearly
precipitation amount for the five liquid precipitation gauges
are in the range of 915–1,088 mm (Table 1). The mean yearly
precipitation based on BAPD (2010–2015) is 983 ± 9 mm
(Table 4). The yearly number of irrigation events range from
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one to seven, applying between 23 (2012) and 158 mm (2013)
during the irrigation season (Figure 2, Table 4).
Figure 3 shows linear regressions between measurements
of daily liquid precipitation from the pit and from the other
gauges installed at the field site. The slope of the linear
regression line is between 0.97 and 1.05 and Pearson’s cor-
relation coefficient is between .98 and .99, indicating only
minor differences between precipitation datasets. Precipita-
tion amounts from DFIR are slightly smaller than precipita-
tion amounts from the pit. All precipitation gauges are located
within a maximum distance of ∼20 m (Figure 1). Because of
this, they show quite similar precipitation intensities; how-
ever, they do not represent the spatial variability within
the EC footprint, and the overall uncertainty is probably
underestimated.
3.1.3 Recharge
A limited number of events with large fluxes, typically
observed in autumn and winter, dominate the recharge (Fig-
ure 2a). During summer, recharge is generally low. The yearly
recharge ranges from 514 ± 12 mm in 2010 to 810 ± 4 mm
in 2015. The yearly average recharge (2010–2015) is 632 ±
6 mm (Table 4). The variation between the outflows from the
four individual lysimeters is very small.
3.1.4 Soil water content
Agreement between SWCCRNS and the capacitance sensor
network, as well as a soil sampling campaign, underlines
the reliability of the SWCCRNS at the field site (Andreasen
et al., unpublished data, 2020). Figures 4a, 4b, and 4c illus-
trate the linear regression between measured absolute SWC
of the three datasets in the topsoil. The best regression is
obtained on SWCnetwork/SWCCRNS (Figure 4b) with a slope
of 0.94 and Pearson’s correlation coefficient of .86, and on
SWCpoint/SWCnetwork (Figure 4c) with a slope of 0.91 and
Pearson’s correlation coefficient of .81.
Daily changes in soil water content (ΔSWC) is the vari-
able that enters in the water balance equation. Figures 4d, 4e,
and 4f show linear regressions between the different estima-
tion methods of daily ΔSWC. The linear regression is poorer
for ΔSWC compared with SWC.
Since the focus in this paper is on relative differences in soil
moisture, the uncertainty in the absolute value of SWC is of
no relevance for the analysis. Uncertainty in SWC is only esti-
mated for demonstrating the difference in uncertainty in SWC
and ΔSWC. The mean uncertainty, calculated from Equation
9, on daily SWCnetwork (2010–2015) (SDSWC,network) is
0.05 m3 m−3. The equivalent value for ΔSWC
(SDΔSWC,network) is 0.004 m3 m−3. Both values are here
given as the mean SD over the three sensing depths. Thus, the
uncertainty in ΔSWCnetwork is a factor of 10 lower than the
uncertainty in SWCnetwork. This is illustrated in Figures 5a
and 5b, where SWC and ΔSWC from the capacitance
network and CRNS for a stable and unstable period are
shown, respectively. The difference in ΔSWCnetwork from
the 29 individual capacitance sensors (Figure 5b) is much
lower than the difference in SWCnetwork (Figure 5a). The
capacitance network consists of 29 sensors, in total and the
estimated uncertainties include uncertainty due to spatial
variability as well as measurement accuracy. As stated in
Equation 10, SDΔSWC,point is defined as SDΔSWC,network .
As expected, the spreading on ΔSWCnetwork from the 29
individual capacitance sensors is much lower for the stable
period (Figure 5a) than for the unstable period (Figure 5b).
Only one CRNS instrument is available, and therefore the
uncertainty cannot be assessed directly but is instead esti-
mated as the SD during the stable period. The estimated
uncertainty in ΔSWCCRNS is 0.008 m3 m−3 and relates to
both instrumental and data analysis uncertainties. The foot-
print area of the EC system is of similar size as for CRNS.
The CRNS estimates inherently take into consideration the
spatial heterogeneity within the footprint. The CRNS yields
TABLE 4 Water balance components and associated uncertainty in parentheses
Year Precipitation Irrigation Recharge
Evapotranspiration
from eddy covariance Dwater WBCratio
mm
2010 871 (12) 60 514 (12) 425 (4) −8 (17) 1.01
2011 936 (8) 45 555 (10) 406 (3) 20 (12) 0.98
2012 1,059 (9) 23 702 (6) 462 (4) −83 (11) 1.08
2013 777 (8) 158 524 (3) 413 (3) −2 (9) 1.00
2014 1,044 (11) 125 689 (3) 477 (4) 3 (12) 1.00
2015 1211 (8) 98 810 (4) 538 (2) −39 (9) 1.03
Avg. 983 (9) 85 632 (6) 453 (3) −18 (12) 1.02
Note. Dwater, absolute water balance discrepancy; WBCratio, water balance closure ratio.
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F IGURE 3 Linear regression between precipitation estimated with the pit gauge and remaining precipitation gauges (mm d−1). DFIR, Double
Fence International Reference
F IGURE 4 Linear regression on soil water content (SWC) and daily changes in soil water content (ΔSWC) (m3 m−3) from various estimation
techniques: (i) point capacitance sensors (SWCpoint/ΔSWCpoint), (ii) network capacitance sensors (SWCnetwork/ΔSWCnetwork), and iii) cosmic-ray
neutron sensor (SWCCRNS/ΔSWCCRNS). Capacitance sensors for estimating SWCpoint, SWCnetwork, ΔSWCpoint, and ΔSWCnetwork are located at 0- to
5-cm depth
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F IGURE 5 Soil water content (SWC) and daily change in soil water content (ΔSWC) during a stable and an unstable period from cosmic-ray
neutron sensor (CRNS) and the three different sensing depths in the capacitance sensor network
an integrated measure of SWC in the upper ∼20 cm of the
soil column, whereas the individual capacitance sensors rep-
resent point measurements at 0- to 5-cm depth, 20- to 25-cm
depth, and 50- to 55-cm depth, respectively.
3.2 Evaluation of energy and water balances
The sections below analyze the components of the water and
energy balance equations and their associated uncertainties.
The LE (ETEC) is a shared component in the water and the
land surface energy balance equations.
3.2.1 Land surface energy balance
Figure 2b illustrates the daily energy balance components, and
Table 5 presents the yearly accumulated energy balance com-
ponents. The EBCratio for the period of 2010–2015 is in the
range of 0.71–0.91, with an average of 0.79, demonstrating
a lack of energy balance closure. This agrees with the widely
documented fact that the energy balance does not come to clo-
sure when using the EC method (Leuning et al., 2012; Wil-
son et al., 2002). The EBCratio of 0.91 in 2015 is considerably
higher than the remaining years, which is a result of a 23%
higher LE flux this year compared with the average LE flux
in 2010–2014. This is probably due to instrumental problems.
Figure 6b displays the monthly EBCratio for the period
of 2010–2015. In warm months (approximately April–
September), where the energy fluxes are high, the monthly
EBCratio is between 0.6 and 1.0. During the cold months
(approximately October–March), where the energy fluxes are
low, the energy fluxes are even more in imbalance. However,
the energy fluxes during wintertime contribute little to the
overall EBCratio.
3.2.2 Water balance
Table 4 presents the water balance components including their
uncertainty interval for the individual years. The EC estimate
of actual ET is applied here.
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TABLE 5 Energy balance components
Year Net radiation Ground heat flux Sensible heat flux Latent heat flux Denergy EBCratio
J m−2 yr−1
2010 1.72 × 109 −7.6 × 106 1.89 × 108 1.05 × 109 4.79 × 108 0.72
2011 1.66 × 109 −5.8 × 106 1.74 × 108 1.00 × 109 4.82 × 108 0.71
2012 1.68 × 109 8.4 × 106 2.04 × 108 1.14 × 109 3.40 × 108 0.80
2013 1.67 × 109 1.9 × 107 3.36 × 108 1.02 × 109 3.38 × 108 0.80
2014 1.74 × 109 1.3 × 107 2.67 × 108 1.18 × 109 3.11 × 108 0.82
2015 1.66 × 109 −3.1 × 106 1.88 × 108 1.33 × 109 1.37 × 108 0.91
Average 1.69 × 109 4.1 × 106 2.26 × 108 1.12 × 109 3.50 × 108 0.79
Note. Denergy, absolute energy balance discrepancy; EBCratio, energy balance closure ratio. Full data coverage except for ground heat flux
F IGURE 6 Monthly water balance closure ratio (WBCratio) and
energy balance closure ratio (EBCratio). Extreme values not shown in the
figure: WBCratio, March 2013 = 4.2; EBCratio, February 2013 = −22.3
As indicated by an average yearly WBCratio of 1.02
(Table 4), the average water inflow (P and I) is 2% less than
the average outflow (R and ET). Nonetheless, the WBCratio
is in agreement with other water balance studies (Qu et al.,
2016; Wiekenkamp et al., 2016). The average annual water
balance discrepancy Dwater is −18 ± 12 mm, and as the
data are assumed to be normally distributed, the discrepancy
is therefore clearly within the 95% confidence interval of
2 SD. The year 2012 stands out with a Dwater of −83 ±
11 mm and a WBCratio of 1.08. The farmer only reported
one irrigation event this year. This is most likely less than the
real irrigation amount. However, it was not possible to iden-
tify additional irrigation events from the precipitation and
SWC records.
Monthly WBCratio values (Figure 6a) are randomly dis-
tributed around a ratio of 1. Since the water balance is unbi-
ased during the irrigation season fromMay to August, there is
no indication that the bias on the annual WBCratio originates
from incorrect recording of irrigation amounts.
3.3 Comparison of ETEC and ETwb
Daily ETwb calculated with Equations 17–19 fluctuate highly
(data not shown). Uncertainty estimates of the water bal-
ance components, mainly the soil water storage term, result
in unrealistic negative values of daily ETwb. Hence, on short
timescales, direct comparison of ETEC and ETwb is not
feasible. However, when summing to monthly and annual val-
ues, the storage term becomes of minor importance, and a
direct comparison is thus justified.
In Figure 7, monthly values of ETEC and ETwb and their
associated uncertainty intervals (±1 SD) are compared. The
secondary axis of Figure 7 shows the absolute difference
between monthly ETEC and ETwb (gray curve). The ETwb
(blue curve) is found using three different methods for esti-
mating ΔSWC: (a) point capacitance sensor (ETwb,point), (b)
capacitance sensor network (ETwb,network), and (c) CRNS
(ETwb,CRNS). All three methods for estimating ΔSWC in
the root zone result in monthly ETwb that match monthly
ETEC remarkably well, and the uncertainty intervals are close
in most months. The secondary axis of Figure 7 reveals
the highest discrepancy between ETEC and ETwb in spring
and summer months. The ETwb is close to zero during
winter months and therefore underestimated compared with
ETEC (Figure 7). However, in winter 2010–2011, frost and
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F IGURE 7 Monthly accumulated evapotranspiration estimated with the eddy covariance method (ETEC) and the water balance method (ETwb).
Uncertainty band indicates ±1 SD. Soil water content (SWC) measured by (a) capacitance point sensor (b) capacitance sensor network, and
(c) cosmic-ray neutron sensor (CRNS). Secondary axes show the absolute difference between ETEC and ETwb. Blue pillars indicate periods with frost.
redirection of snowmelt infiltration disturbed the estimates of
the water balance components (Figure 6a).
For the three different methods of estimating ΔSWC, Pear-
son’s correlation coefficient on monthly ETEC and ETwb
is between .92 and .96 (Figure 8). The assumption that
point-estimated ΔSWC from the single capacitance station
is comparable with ΔSWC in the surrounding agricultural
area seems justified, as the Pearson’s correlation coefficient
between the single capacitance station and the capacitance
network is close to 1.
In a paired t test, the null hypothesis is that the pairwise
difference between the two means is equal (H0/μd = 0). We
assume monthly ET to be normally distributed. Through the
paired t test, we found that there is no statically significant
difference between monthly ETEC and ETwb,point (paired t
[df = 70] = 1.15, p value = .26). Likewise there is no sig-
nificant difference between monthly ETEC and ETwb,network
(paired t [df = 29] = 0.04, p value = .97), and monthly ETEC
and ETwb,CRNS (paired t [df= 34]= 0.55, p value= .58). Con-
sequently, all results show no significant difference between
monthly ETEC and ETwb.
Tables 6–8 specify the individual components of the water
balance (P, I,R, andΔSWC) and their associated uncertainties
(SDP, SDR, and SDΔSWC), together with estimated absolute
ETwb and ETEC and their associated uncertainties (SDET,wb
and SDET,EC). All data are summed to yearly values. Notice
the difference in data coverage caused by periods withmissing
data. Yearly accumulated estimates from each method can-
not be directly compared, as data coverage (n) differs. The
ETwb,point dataset (2010–2015) has a data coverage of 88%,
whereas data coverage (2013–2015) of the ETwb,network and
ETwb,CRNS is 64 and 89%, respectively.
Tables 6–8 show that in all years and with all methods for
estimatingΔSWC, propagated uncertainty on ETEC is smaller
than the uncertainty on ETwb. Average yearly uncertainty
in ETEC,network and ETEC,CRNS is 2 and 3 mm yr
−1, respec-
tively, whereas corresponding uncertainty in ETwb,network and
ETwb,CRNS is 23 and 33 mm yr
−1, respectively.
As we assume that yearly ET is normally distributed, the
absolute difference between ETEC and ETwb is for most
years within the 95% confidence interval of 2 SD. However,
the difference between ETEC and ETwb in 2011, 2012, and
2013 when using SWC from the capacitance point sensor
is not within the 95% confidence interval. Overall, it can
be concluded that the difference between yearly ETEC and
ETwb is within the expected uncertainty. Furthermore, as with
the yearly ET, there is no statistically significant difference
between yearly ETEC and ETwb,point (paired t [df = 5] = 1.19,
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F IGURE 8 Linear regression between monthly accumulated evapotranspiration estimated with the eddy covariance method (ETEC) and the
water balance method (ETwb). Daily change in soil water content (ΔSWC) measured by (a) capacitance point, (b) capacitance sensor network, and
(c) cosmic-ray neutron sensor (CRNS). Error bars indicate ±1 SD
p value= .29). Likewise, there is no difference between yearly
ETEC and ETwb,network (paired t [df= 2]= 0.08, p value= .94)
and ETEC and ETwb,CRNS (paired t [df = 2] = 0.41, p
value = .72).
Linear regression between all yearly values of ETEC
and ETwb leads to a Pearson correlation coefficient of .73
(Figure 9). As diffΔSWC,point is negative (−5%), whereas
diffΔSWC,network (+2%) and diffΔSWC,CRNS are both positive
(+5%) (Tables 6–8), there is no strong indication that yearly
ETEC is consistently different from ETwb. Altogether, as with
the monthly estimates, all results suggest that yearly ETEC and
ETwb are in agreement.
4 DISCUSSION
4.1 Uncertainty in measurements
The data coverage and the measurement footprint influence
the uncertainty estimation. In general, the agricultural field is
considered to be homogeneous; however, heterogeneity could
still play a role in the estimates of the components of the
water and energy balances. Measurements of precipitation,
recharge, and SWC by capacitance sensors represent point-
scale measurements and thus very small footprints compared
with the estimation techniques of ETEC and SWCCRNS. How-
ever, even though the individual capacitance sensors provide
measurements at point scale, the network represents the field
scale over which the six sensors are distributed.
The close distance between the independent and replicant
measurement devices of precipitation and recharge implies
that the spatial variety within the agricultural field is only rep-
resented to aminor degree. Local conditions (e.g., small varia-
tions in elevation influencing the overland flow and recharge,
or structures disturbing the precipitation distribution) could
influence the estimated mean and uncertainty of precipitation
and recharge, respectively. However, these are local effects
and the field-scale uncertainty of both variables is probably
underestimated. This may potentially also lead to an underes-
timation of the propagated uncertainty in ETwb. Bias in the
estimates is particularly evident in the estimation of recharge
during cold periods. Vásquez et al. (2015) showed that, at the
experimental site, redirection of snowmelt infiltration due to
frozen topsoil leads to overestimation of recharge and thus low
values of ETwb (Figure 7).
Measurement uncertainty of the individual flux and state
variables contribute differently to the propagated uncertainty
in ETwb. The uncertainties ofΔSWCpoint andΔSWCCRNS are
given fixed values based on different assumptions, whereas it
is possible to calculate the uncertainty of ΔSWCnetwork on a
daily basis, thus leading to different aggregated annual val-
ues (Tables 6–8). The ΔSWC varies among the years and
among the three different estimations methods. The uncer-
tainty of ΔSWC exceeds the yearly estimate of ΔSWC, and
furthermore the uncertainty of ΔSWC considerably exceeds
the uncertainty of the water balance fluxes. The yearly uncer-
tainty in P and R is about 1–3% of the yearly mean. Thereby,
uncertainty in ΔSWC contributes the most to the propagated
uncertainty of ETwb, whereas uncertainty in recharge con-
tributes the least (Tables 6–8).
At nighttime, poorly developed turbulence during stable
stratification often causes the EC covariance to be based on
a few values only (Mauder et al., 2006), resulting in consider-
able gap filling of nighttime estimates. Moreover, the EC sen-
sor footprint area changes according to wind speed and wind
direction (Foken, 2008) and may be affected by the equipment
at the field site and different crops at neighboring fields.
In order to aggregate daily variances of the individ-
ual components, autocorrelation with lag of 1 d is consid-
ered when computing the total uncertainty (Equation 20).
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TABLE 6 Accumulated yearly evapotranspiration (ET) estimated by the eddy covariance method (ETEC) and the water balance method
(ETwb), respectively, together with the accumulated yearly water balance components (precipitation [P], irrigation [I], recharge [R], and daily change
in soil water content from point capacitance sensor [ΔSWCpoint]). In addition, absolute and relative difference (diff) between ETEC and ETwb and
number of daily values (n) are shown. Values in parentheses indicate the uncertainty
Year P I R 𝚫SWCpoint 𝚫SWCTDRa ETwb ETEC diff diff n
mm %
2010 814 (11) 60 479 (12) −9 (14) 12 (17) 392 (27) 410 (4) −17 (27) −4 296
2011 807 (6) 45 515 (9) −50 (14) 42 (8) 345 (19) 394 (3) −49 (20) −12 300
2012 978 (7) 23 669 (6) −25 (14) 21 (16) 335 (24) 444 (4) −108 (24) −24 332
2013 724 (7) 112 459 (3) −4 (14) −10 (6) 392 (17) 351 (3) 41 (17) 11 295
2014 1,042 (11) 125 683 (3) 11 (15) −19 (4) 492 (19) 474 (4) 19 (19) 4 360
2015 1,199 (8) 98 803 (4) −8 (15) 6 (11) 495 (21) 533 (2) −37 (21) −7 360
Avg. 927 (8) 77 601 (6) −14 (14) 9 (10) 409 (21) 434 (3) −25 (21) −5 –
aTDR, time domain reflectometry.
TABLE 7 Accumulated yearly evapotranspiration (ET) estimated by the eddy covariance method (ETEC) and the water balance method
(ETwb), respectively, together with the accumulated yearly water balance components (precipitation [P], irrigation [I], recharge [R], and daily change
in soil water content from capacitance network [ΔSWCnetwork]). In addition, absolute and relative difference (diff) between ETEC and ETwb and
number of daily values (n) are shown. Values in parentheses indicate the uncertainty
Year P I R 𝚫SWCnetwork 𝚫SWCTDRa ETwb ETEC diff diff n
mm %
2013 522 (5) 112 351 (3) 6 (19) 10 (6) 267 (20) 241 (2) 26 (20) 11 177
2014 711 (10) 125 440 (2) 18 (20) 5 (4) 373 (23) 365 (3) 9 (23) 2 251
2015 956 (7) 98 623 (4) 13 (21) 13 (9) 405 (25) 435 (2) −30 (24) −7 274
Avg. 730 (7) 112 471 (3) 12 (20) 9 (6) 348 (23) 347 (2) −2 (22) 2 –
aTDR, time domain reflectometry.
TABLE 8 Accumulated yearly evapotranspiration (ET) estimated by the eddy covariance method (ETEC) and the water balance method
(ETwb), respectively, together with the accumulated yearly water balance components (precipitation [P], irrigation [I], recharge [R], and daily change
in soil water content from capacitance network from cosmic-ray neutron sensor [ΔSWCCRNS]). In addition, absolute and relative difference (diff)
between ETEC and ETwb and number of daily values (n) are shown. Values in parentheses indicate the uncertainty. CRNS, cosmic-ray neutron sensor
Year P I R 𝚫SWCCRNS 𝚫SWCTDRa ETwb ETEC diff diff n
mm %
2013 662 (6) 158 418 (3) −25 (29) −22 (8) 449 (31) 395 (3) 53 (31) 13 323
2014 998 (10) 125 634 (3) 6 (30) −23 (5) 506 (32) 435 (4) 71 (32) 16 334
2015 1,175 (8) 20 759 (4) 4 (29) 34 (15) 398 (35) 468 (2) −70 (34) −15 319
Avg. 945 (8) 101 604 (3) −5 (29) −4 (9) 451 (33) 433 (3) 18 (32) 5 –
aTDR, time domain reflectometry.
Autocorrelation on P, R,ΔSWC, and ETEC is of minor impor-
tance, as the autocorrelation term in Equation 20 adds<1 mm
of water to the yearly SD of ETwb.
4.2 Energy imbalance
Despite extensive studying (see reviews by Foken, 2008;
Foken et al., 2011; Leuning et al., 2012), the energy imbal-
ance is still a contemporary problem in EC flux measure-
ments. However, the aim of our study was to compare
two independent measurement techniques for estimating ET
and not to determine what causes the land surface energy
imbalance.
As in standard EC studies, we neglected the minor fluxes
and storage terms (Foken et al., 2006; Wilson et al., 2002).
Changes in energy storage in vegetation and air and unac-
counted changes in the upper few centimeters of soil are gen-
erally believed to be small when aggregated to daily values.
As a result, storage changes are normally not accounted for in
energy flux studies (Eshonkulov, Poyda, Ingwersen, Pulatov,
& Streck, 2019). Nevertheless, several authors have shown
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F IGURE 9 Linear regression between yearly accumulated
evapotranspiration estimated with the eddy covariance method (ETEC)
and the water balance method (ETwb). Daily change in soil water
content (ΔSWC) measured capacitance point, capacitance sensor
network, and cosmic-ray neutron sensor (CRNS). Error bars indicate
±1 SD
that including storage terms can actually improve the energy
balance (Eshonkulov et al., 2019; Heusinkveld, Jacobs, Holt-
slag, & Berkowicz, 2004; Leuning et al., 2012). According to
Eshonkulov et al. (2019), energy storage in the vegetation is
the component with the strongest potential for improving the
EBCratio. At our field site, the biomass is very small, as the
vegetation is agricultural crops, and therefore it seems justi-
fied to neglect both energy storage in vegetation as well as
other storage terms.
Studies report better energy balance when improving the
estimation of G (Eshonkulov et al., 2019; Heusinkveld et al.,
2004). Nevertheless, we assume that G is negligible during
data gap periods. However, those periods only account for 7%
of the 30-min data points. Disregarding G during those peri-
ods potentially leads to errors in EBCratio. Furthermore, we do
not consider change in heat storage above the plates used for
measuring G (installed at 0.05 m bgl). Neglecting both fac-
tors seems justified, as G on a daily basis only accounts for
∼2% of Rn.
The inability to fulfill the assumption of homogeneous
land surface conditions within the footprint is likely to be a
major cause of inaccurate measurements at many flux sta-
tions (Leuning et al., 2012). Even though the landscape is
flat, homogeneous, and with short vegetation, which presum-
ably are ideal conditions for the EC method, the imbalance
is present (Wilson et al., 2002) exactly as we observe in our
study.Mesoscale transport of water in large spatial eddies can-
not be captured by a single EC tower (Foken et al., 2006,
2011; Stoy et al., 2013). Those large-scale eddies are gener-
ated by surface heterogeneity. Given their spatial size and slow
motion, they cannot be detected by the typical half-hourly
averaging. Thereby, low-frequency contributions are lost dur-
ing normal data processing techniques because of inadequate
temporal averaging periods. This may cause systematic under-
estimation ofH and LE (Charuchittipan, Babel,Mauder, Leps,
& Foken, 2014; Leuning et al., 2012). Altogether, it is likely
that no single factor is able to completely explain the energy
imbalance.
The partition of the energy balance residual on the two tur-
bulent fluxes is unresolved. A common practice to overcome
the nonclosure is to adjust the energy fluxes by preserving
the Bowen ratio, B = H/LE (Twine et al., 2000). Hereby, it is
assumed that measurements of Rn andG are unbiased and that
both LE and H are biased and underestimated (Twine et al.,
2000). However, this approach is heavily debated because
unconsidered factors like for example landscape heterogeneity
and large-scale eddies might play a role (Foken et al., 2011).
As an alternative to preserving the Bowen ratio, other stud-
ies suggest that the entire or larger parts of the energy bal-
ance residual should be attributed to either LE (Wohlfahrt
et al., 2010) orH (Charuchittipan et al., 2014; Ingwersen et al.,
2011; Mauder et al., 2018).
4.3 Comparison of ETEC and ETwb
The long-term (6-yr) high-quality measurements of the
water balance components underpin a closure of the water
balance when applying ETEC. Moreover, comparison of
the LE flux (ETEC) against ETwb showed no consistent and
biased difference. Studies using different kind of soil sensors
(Schelde et al., 2011; Vásquez et al., 2015), soil sampling
campaigns (Imukova et al., 2016), and studies based on water
balance modeling (Scott, 2010; Wilson et al., 2001) generally
obtain a good agreement between ETEC and ETwb, despite an
incomplete energy balance. In these cases, LE appears not to
be the major component of the energy balance gap, and con-
sequently the energy balance closure problem must be caused
by bias in the other energy fluxes or unconsidered energy
storage terms.
Our study is in accordance with the results obtained by
Schelde et al. (2011) and Vásquez et al. (2015), who com-
pared soil water depletion from the root zone during dry peri-
ods based on measurements with vertical TDR probes and EC
measurements from the same experimental site as ours. They
concluded that correcting ETEC for lack of surface energy bal-
ance closure, especially during the growing seasons, would
further increase the difference between ETEC and ETwb. Our
results also agree with Scott (2010). Based on annual water
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balances for three small watersheds, he documented that EC
can provide unbiased estimates of ET. Imukova et al. (2016)
applied the soil water balance method for a winter wheat
(Triticum aestivum L.) crop using soil sampling campaigns
for observation periods of 14–94 d. They also demonstrated
good agreement between ETwb and ETEC and concluded that
LE is not the major component of the energy balance gap.
Alfieri et al. (2011, 2012), Evett, Kustas, et al. (2012), and
Evett, Schwartz, et al. (2012) evaluated methods for quanti-
fying ET during the growing season for an irrigated semi-
arid cotton (Gossypium hirsutum L.) field. They compared
data from ETEC, weighable lysimeters, and a network of neu-
tron probes and concluded that there are difficulties with all
methods. However, they found that generally the EC -method
underestimates ET compared with values based on weigh-
ing lysimeters. Consequently, according to Evett, Kustas et al.
(2012), it is necessary to quality assure ET based on EC with
ET based on water balance, as was done in this study.
Unlike our study, studies comparing ETEC with ET from
weighable lysimeters often conclude that ETEC is underesti-
mated (Alfieri et al., 2012; Chávez et al., 2009; Ding et al.,
2010; Gebler et al., 2015;Mauder et al., 2018;Wohlfahrt et al.,
2010). To explain the reason for this is beyond the scope of
this study, but the spatial scale is one of the major differences
between studies using weighable lysimeters and this study.
This study estimates ETwb on a scale that is more compati-
ble with the EC instrument scale. Weighable lysimeters are
often on a scale of <1 m2. Maybe the weighable lysimeters
fail to represent the properties of the field as a whole. Gener-
ally, in the above studies, good agreement is obtained between
Bowen corrected ETEC and ET from the weighable lysime-
ters (Chávez et al., 2009; Gebler et al., 2015; Wohlfahrt et al.,
2010).
5 CONCLUSION
This study aims to demonstrate that EC-estimated ET agrees
with water balance-estimated ET. Our hypothesis is that the
imbalance of incoming and outgoing energy to the surface can
mainly be ascribed to other factors than the estimation of LE
(ET) by use of the EC method. In that case, the EC method
produces reliable estimates of ET. The outcome of this study
confirms the hypothesis.
We demonstrate that ETEC is not statistically different from
ETwb, and that the uncertainty on the discrepancy between
ETEC and ETwb is mostly within 2 SD. At the same time, the
water balance is closed to an acceptable degreewhen using the
ETEC. Together, this demonstrates agreement between ETEC
and ETwb.
Additionally, we produce long-term (6-yr) high-quality
estimates of the water balance components enabling vali-
dation of ETEC throughout different seasons and between
years. The study has carefully assessed the uncertainties for
each individual component of the water balance and therefore
enabled estimation of the propagated uncertainty on ETwb, to
see if the uncertainty bands of ETEC and ETwb overlaps, and
they generally do.
The objective of this study was not to determine what
causes the land surface energy imbalance, but rather to com-
pare two independent measurement techniques for estimating
ET. Trusting the estimation of the available energy (Rn andG)
and thereby allocating the imbalance to the turbulent fluxes
(LE and H) (Foken et al., 2011), our results suggest that the
primary energy balance error is caused by either the estima-
tion of H, unconsidered energy fluxes, or a missing energy
storage term.
The scientific community widely agrees that one of the
main reasons for the energy balance closure problem is uncon-
sidered advective fluxes (Leuning et al., 2012; Oncley et al.,
2007; Wilson et al., 2002). The available methods for esti-
mating energy fluxes result in an energy balance residual. It
is unclear how to distribute the residual (Foken et al., 2011)
when closing the energy balance in, for example, land surface
modeling. The widely used Bowen ratio correction method
distributes the presumed underestimation ofH and LE accord-
ing to the Bowen ratio, but at least for some field sites, this
method seems invalid (Charuchittipan et al., 2014; Foken
et al., 2011; Ingwersen, Imukova, Högy, & Streck, 2015;
Mauder et al., 2018). Future work should consider investigat-
ing other energy balance corrections, including the method
documented in this study, where the entire or larger parts of
the energy balance residual should be attributed to H (Charu-
chittipan et al., 2014; Ingwersen et al., 2011; Mauder et al.,
2018).
CONFLICT OF INTEREST
The authors declare no conflict of interest.
DATA AVAILABILITY
Data used for this study are available from the PANGAEA
data repository (Denager, Looms, Sonnenborg, & Jensen,
2020).
ACKNOWLEDGMENTS
The Villum Foundation has funded the hydrological obser-
vatory, HOBE, and the research reported in this paper. We
are very thankful for the opportunities that this donation
provides. Additionally, we would like to acknowledge pro-
fessor emeritus Jens Christian Refsgaard, Geological Survey
of Denmark and Greenland, for inspiration and approaches
for analyzing the uncertainty aspects of the water balance
components. Researcher Mie Andreasen, Geological Survey
of Denmark and Greenland, is acknowledged for sharing data
from the CRNS method with us.
20 of 21 DENAGER ET AL.Vadose Zone Journal
ORCID
Tanja Denager https://orcid.org/0000-0002-8648-6288
Majken C. Looms https://orcid.org/0000-0002-3831-6305
Torben O. Sonnenborg
https://orcid.org/0000-0001-9042-8702
Karsten H. Jensen
https://orcid.org/0000-0003-4020-0050
REFERENCES
Alfieri, J. G., Kustas, W. P., Prueger, J. H., Hipps, L. E., Evett, S. R.,
Basara, J. B., … Howell, T. A. (2012). On the discrepancy between
eddy covariance and lysimetry-based surface flux measurements
under strongly advective conditions. Advances in Water Resources,
50, 62–78. https://doi.org/10.1016/j.advwatres.2012.07.008
Alfieri, J. G., Kustas, W. P., Prueger, J. H., Hipps, L. E., Vez, J. L.
C., French, A. N., & Evett, S. R. (2011). Intercomparison of nine
micrometeorological stations during the BEAREX08 field campaign.
Journal of Atmospheric and Oceanic Technology, 28, 1390–1406.
https://doi.org/10.1175/2011JTECH1514.1
Allerup, P., Madsen, H., & Vejen, F. (1997). A comprehensive model
for correcting point precipitation. Hydrology Research, 28, 1–20.
https://doi.org/10.2166/nh.1997.0001
Andreasen, M., Jensen, K. H., Desilets, D., Franz, T. E., Zreda, M.,
Bogena, H. R., & Looms, M. C. (2017). Status and perspectives on
the cosmic-ray neutron method for soil moisture estimation and other
environmental science applications. Vadose Zone Journal, 16(8).
https://doi.org/10.2136/vzj2017.04.0086
Aubinet, M., Vesala, T., & Papale, D. (Eds.). (2012). Eddy covariance:
A practical guide to measurement and data analysis. Dordrecht, the
Netherlands: Springer. https://doi.org/10.1007/978-94-007-2351-1
Charuchittipan, D., Babel, W., Mauder, M., Leps, J. P., & Foken, T.
(2014). Extension of the averaging time in eddy-covariance mea-
surements and its effect on the energy balance closure. Boundary-
Layer Meteorology, 152, 303–327. https://doi.org/10.1007/s10546-
014-9922-6
Chávez, J. L., Howell, T. A., & Copeland, K. S. (2009). Evaluating
eddy covariance cotton ET measurements in an advective environ-
ment with large weighing lysimeters. Irrigation Science, 28, 35–50.
https://doi.org/10.1007/s00271-009-0179-7
Culf, A. D., Foken, T., & Gash, J. H. C. (2004). The energy balance
closure problem. In P. Kabat, et al. (Eds.), Vegetation, water, humans
and climate (pp. 159–166). New York, Springer. https://doi.org/10.
1007/978-3-642-18948-7_13
Decagon Devices. (2014). ECH2O soil moisture sensor: Operator’s man-
ual for Model 5TE. Pullman, WA: Decagon Devices.
Denager, T., Looms, M. C., Sonnenborg, T. O., & Jensen, K. H. (2020).
Precipitation, recharge, evapotranspiration, latent heat flux, sensible
heat flux, ground heat flux, net radiation and soil moisture estimates
in the period 2010–2015 at an agricultural field site in the western
part of Denmark. PANGAEA. Retrieved from https://doi.pangaea.de/
10.1594/PANGAEA.914942
Ding, R., Kang, S., Li, F., Zhang, Y., Tong, L., & Sun, Q. (2010). Evalu-
ating eddy covariance method by large-scale weighing lysimeter in a
maize field of northwest China. Agriculture Water Management, 98,
87–95. https://doi.org/10.1016/j.agwat.2010.08.001
Eshonkulov, R., Poyda, A., Ingwersen, J., Pulatov, A., & Streck, T.
(2019). Improving the energy balance closure over a winter wheat
field by accounting for minor storage terms. Agricultural and For-
est Meteorology, 264, 283–296. https://doi.org/10.1016/j.agrformet.
2018.10.012
Evett, S. R., Kustas, W. P., Gowda, P. H., Anderson, M. C., Prueger,
J. H., & Howell, T. A. (2012). Overview of the Bushland Evap-
otranspiration and Agricultural Remote sensing EXperiment 2008
(BEAREX08): A field experiment evaluating methods for quantify-
ing ET at multiple scales. Advances in Water Resources, 50, 4–19.
https://doi.org/10.1016/j.advwatres.2012.03.010
Evett, S. R., Schwartz, R. C., Howell, T. A., Louis Baumhardt, R., &
Copeland, K. S. (2012). Can weighing lysimeter ET represent sur-
rounding field ET well enough to test flux station measurements of
daily and sub-daily ET? Advances in Water Resources, 50, 79–90.
https://doi.org/10.1016/j.advwatres.2012.07.023
Foken, T. (2008). The energy balance closure problem: An overview.
Ecological Applications, 18, 1351–1367. https://doi.org/10.1890/06-
0922.1
Foken, T., Aubinet, M., Finnigan, J. J., Leclerc, M. Y., Mauder, M., &
Paw U, K. T. (2011). Results of a panel discussion about the energy
balance closure correction for trace gases. Bulletin of the Amer-
ican Meteorological Society, 92, 13–18. https://doi.org/10.1175/
2011BAMS3130.1
Foken, T., Göckede, M., Mauder, M., Mahrt, L., Amiro, B., & Munger,
W. (2005). Post-field data quality control. In X. Lee, W. Massman,
& B. Law (Eds.), Handbook of micrometeorology: A guide for sur-
face flux measurement and analysis. (pp. 181–208). Dordrecht, the
Netherlands: Springer. https://doi.org/10.1007/1-4020-2265-4_9
Foken, T.,Wimmer, F., Mauder, M., Thomas, C., & Liebethal, C. (2006).
Some aspects of the energy balance closure problem. Atmospheric
Chemistry and Physics Discussions, 6, 3381–3402. https://doi.org/
10.5194/acpd-6-3381-2006
Gebler, S., Hendricks Franssen, H. J., Pütz, T., Post, H., Schmidt, M.,
& Vereecken, H. (2015). Actual evapotranspiration and precipitation
measured by lysimeters: A comparison with eddy covariance and
tipping bucket. Hydrology and Earth System Sciences, 19, 2145–
2161. https://doi.org/10.5194/hess-19-2145-2015
Goodison, B., Louie, P. Y. T., & Yang, D. (1998). WMO solid precip-
itation measurement intercomparison: Final report. Geneva: World
Meteorological Organization.
Herbst, M., Friborg, T., Ringgaard, R., & Soegaard, H. (2011).
Catchment-wide atmospheric greenhouse gas exchange as influenced
by land use diversity. Vadose Zone Journal, 10, 67–77. https://doi.
org/10.2136/vzj2010.0058
Heusinkveld, B., Jacobs, A.F.. , Holtslag, A. A., & Berkowicz, S. (2004).
Surface energy balance closure in an arid region: Role of soil heat
flux. Agricultural and Forest Meteorology, 122, 21–37. https://doi.
org/10.1016/j.agrformet.2003.09.005
Hirschi, M., Michel, D., Lehner, I., & Seneviratne, S. I. (2017). A site-
level comparison of lysimeter and eddy covariance flux measure-
ments of evapotranspiration. Hydrology and Earth System Sciences,
21, 1809–1825. https://doi.org/10.5194/hess-21-1809-2017
Imukova, K., Ingwersen, J., Hevart, M., & Streck, T. (2016). Energy bal-
ance closure on a winter wheat stand: Comparing the eddy covari-
ance technique with the soil water balance method. Biogeosciences,
13, 63–75. https://doi.org/10.5194/bg-13-63-2016
Ingwersen, J., Imukova, K., Högy, P., & Streck, T. (2015). On the
use of the post-closure methods uncertainty band to evaluate the
performance of land surface models against eddy covariance flux
data.Biogeosciences, 12, 2311–2326. https://doi.org/10.5194/bg-12-
2311-2015
DENAGER ET AL. 21 of 21Vadose Zone Journal
Ingwersen, J., Steffens, K., Högy, P., Warrach-Sagi, K., Zhunusbayeva,
D., Poltoradnev, M.,… Streck, T. (2011). Comparison of Noah sim-
ulations with eddy covariance and soil water measurements at a win-
ter wheat stand. Agricultural and Forest Meteorology, 151, 345–355.
https://doi.org/10.1016/j.agrformet.2010.11.010
Jensen, K. H., & Refsgaard, J. C. (2018). HOBE: The Danish hydrologi-
cal observatory.Vadose Zone Journal, 17(1). https://doi.org/10.2136/
vzj2018.03.0059
Jensen, R., Herbst, M., & Friborg, T. (2017). Direct and indirect controls
of the interannual variability in atmospheric CO2 exchange of three
contrasting ecosystems in Denmark. Agricultural and Forest Meteo-
rology, 233, 12–31. https://doi.org/10.1016/j.agrformet.2016.10.023
Leuning, R., van Gorsel, E., Massman, W. J., & Isaac, P. R. (2012).
Reflections on the surface energy imbalance problem. Agricul-
tural and Forest Meteorology, 156, 65–74. https://doi.org/10.1016/
j.agrformet.2011.12.002
Mauder, M., Genzel, S., Fu, J., Kiese, R., Soltani, M., Steinbrecher,
R., … Kunstmann, H. (2018). Evaluation of energy balance clo-
sure adjustment methods by independent evapotranspiration esti-
mates from lysimeters and hydrological simulations. Hydrological
Processes, 32, 39–50. https://doi.org/10.1002/hyp.11397
Mauder, M., Liebethal, C., Göckede, M., Leps, J. P., Beyrich, F.,
& Foken, T. (2006). Processing and quality control of flux data
during LITFASS-2003. Boundary-Layer Meteorology, 121, 67–88.
https://doi.org/10.1007/s10546-006-9094-0
Moffat, A. M., Papale, D., Reichstein, M., Hollinger, D. Y., Richard-
son, A. D., Barr, A. G., … Stauch, V. J. (2007). Comprehensive
comparison of gap-filling techniques for eddy covariance net car-
bon fluxes. Agricultural and Forest Meteorology, 147, 209–232.
https://doi.org/10.1016/j.agrformet.2007.08.011
Oncley, S. P., Foken, T., Vogt, R., Kohsiek, W., DeBruin, H. A. R.,
Bernhofer, C., … Weidinger, T. (2007). The energy balance exper-
iment EBEX-2000. Part I: Overview and energy balance. Boundary-
Layer Meteorology, 123, 1–28. https://doi.org/10.1007/s10546-007-
9161-1
Qu, W., Bogena, H. R., Huisman, J. A., Schmidt, M., Kunkel, R.,
Weuthen, A.,… Vereecken, H. (2016). The integrated water balance
and soil data set of the Rollesbroich hydrological observatory. Earth
System Science Data, 8, 517–529. https://doi.org/10.5194/essd-8-
517-2016
Reichstein, M., Falge, E., Baldocchi, D., Papale, D., Aubinet, M.,
Berbigier, P.,…Valentini, R. (2005). On the separation of net ecosys-
tem exchange into assimilation and ecosystem respiration: Review
and improved algorithm. Global Change Biology, 11, 1424–1439.
https://doi.org/10.1111/j.1365-2486.2005.001002.x
Ringgaard, R., Herbst, M., Friborg, T., Schelde, K., Thomsen, A. G., &
Soegaard, H. (2011). Energy fluxes above three disparate surfaces in
a temperate mesoscale coastal catchment. Vadose Zone Journal, 10,
54–66. https://doi.org/10.2136/vzj2009.0181
Schelde, K., Ringgaard, R., Herbst, M., Thomsen, A., Friborg, T.,
& Søgaard, H. (2011). Comparing evapotranspiration rates esti-
mated from atmospheric flux and TDR soil moisture measurements.
Vadose Zone Journal, 10, 78–83. https://doi.org/10.2136/vzj2010.
0060
Scott, R. L. (2010). Using watershed water balance to evaluate the accu-
racy of eddy covariance evaporation measurements for three semi-
arid ecosystems.Agricultural and ForestMeteorology, 150, 219–225.
https://doi.org/10.1016/j.agrformet.2009.11.002
Stoy, P. C., Mauder, M., Foken, T., Marcolla, B., Boegh, E., Ibrom, A.,
…Varlagin, A. (2013). A data-driven analysis of energy balance clo-
sure across FLUXNET research sites: The role of landscape scale
heterogeneity. Agricultural and Forest Meteorology, 171–172, 137–
152. https://doi.org/10.1016/j.agrformet.2012.11.004
Topp, G. C., Davis, J. L., & Annan, A. P. (1980). Electromagnetic deter-
mination of soil water content: Measurements in coaxial transmis-
sion lines. Water Resources Research, 16, 574–582. https://doi.org/
10.1029/WR016i003p00574
Twine, T. E., Kustas, W. P., Norman, J. M., Cook, D. R., Houser,
P. R., Meyers, T. P., … Wesely, M. L. (2000). Correcting eddy-
covariance flux underestimates over a grassland. Agricultural and
Forest Meteorology, 103, 279–300. https://doi.org/10.1016/S0168-
1923(00)00123-4
Vásquez, V., Thomsen, A., Iversen, B. V., Jensen, R. B., Ringgaard, R., &
Schelde, K. (2015). Integrating lysimeter drainage and eddy covari-
ance flux measurements in a groundwater recharge model. Hydro-
logical Sciences Journal, 60, 1520–1537. https://doi.org/10.1080/
02626667.2014.904964
Wiekenkamp, I., Huisman, J. A., Bogena, H. R., Graf, A., Lin, H. S.,
Drüe, C., & Vereecken, H. (2016). Changes in measured spatiotem-
poral patterns of hydrological response after partial deforestation in
a headwater catchment. Journal of Hydrology, 542, 648–661. https:
//doi.org/10.1016/j.jhydrol.2016.09.037
Wilson, K., Goldstein, A., Flage, A., Aubinet, M., Baldocchi, D.,
Berbigier, P., … Verma, S. (2002). Energy balance closure at
FLUXNET sites. Agricultural and Forest Meteorology, 113, 223–
243. https://doi.org/10.1016/S0168-1923(02)00109-0
Wilson, K. B., Hanson, P. J., Mulholland, P. J., Baldocchi, D. D., &
Wullschleger, S. D. (2001). A comparison of methods for deter-
mining forest evapotranspiration and its components: Sap-flow, soil
water budget, eddy covariance and catchment water balance. Agricul-
tural and Forest Meteorology, 106, 153–168. https://doi.org/10.1016/
S0168-1923(00)00199-4
Wohlfahrt, G., Irschick, C., Thalinger, B., Hörtnagl, L., Obojes, N.,
& Hammerle, A. (2010). Insights from independent evapotranspi-
ration estimates for closing the energy balance: A grassland case
study. Vadose Zone Journal, 9, 1025–1033. https://doi.org/10.2136/
vzj2009.0158
Zreda, M., Desilets, D., Ferré, T. P. A., & Scott, R. L. (2008). Measur-
ing soil moisture content non-invasively at intermediate spatial scale
using cosmic-ray neutrons. Geophysical Research Letters, 35(21).
https://doi.org/10.1029/2008GL035655
How to cite this article: Denager T, Looms MC,
Sonnenborg TO, Jensen KH. Comparison of
evapotranspiration estimates using the water balance
and the eddy covariance methods. Vadose Zone
Journal. 2020;19:e20032.
https://doi.org/10.1002/vzj2.20032
